Abstract
Introduction
A swarm is a complex adaptive system, which is decentralized, self-organized and whose individuals are simple, homogeneous and autonomous [1] . In terms of robotics is an approach for coordinating multi-robot system. This is the fields considering a group of relatively simple individuals able cooperates to perform complex tasks, in a decentralized manner [2] . The concept of swarm robots is based on nature.The inspiration founds in the first line within animal societies, such as birds, ants and bees. Social insects exhibit successful behavior in performing complex tasks on the level of the group, and are able to eliminate noise, error, and failure of swarm members. The relevant properties of many of these biological systems are reviewed in [3] , [4] . The main objective of this approach is the idea that collective intelligence can arise from the interaction of a high number of relatively simple units [5] . In swarm robot systems, each robot must behaves by itself according to the its states and environments, and if necessary,must cooperates with other robots in order to carry out a given task.
Today, number of swarm robotic system have been proposed for numerous applications where human intervention is not feasiblesuch as radioactivity detection, firefighting and landmine detection,the robots need to be dispensable [6] . A large number of robots allow for redundancy and increase the robustness of the swarm.The increasing interest in swarm robotic system indicates that employing multiple inexpensive and simple mobile robots as opposed to a single expensive [7] . An expensive robot may be able to achieve the task but its failure can prove to be costly and dangerous in mission critical applications. By building swarm of robots with elementary features, the same task can be achieved for a lower cost and increased reliability [6] . In search applications also have an advantage of larger coverage of the search space and its simplicity of implementation. They could perform exploration tasks in a large-scale area more efficiently [8] - [10] due to, the swarm shares information about the environment and individual members interact with each other [11] .Without being able to process and respond to new information, a robot loses its ability to adapt.
The swarm robots need to be able to process and act upon any new information from its environment. Otherwise, the robots will have to rely on a static set of rules which may be inadequate if the robot's circumstances change significantly. In the new environment, they must capable of avoiding obstacles, controlling the group speed and modifying the inter-robot distance [12] , [13] . Several control action solutions are proposed robots agree on their speeds;therefore they need to know the speeds of the neighbors' robots [14] - [17] . However, theimplementation such algorithm on real robots can be quite difficult due to thedifficulty in obtaining the neighbors' speeds by observation and it produces amount of computational resources. In addition, forcing each robot to carry such resources internally means duplicating, perhaps unnecessarily and expensive assets [10] . The capability of the controller, sensors and communication system is a significant performance parameter for swarm robots. However, the economic cost problem is often associated with swarm applications due to the large number of robots required and the building of intelligent robots with a number of sensors for various parameters is expensive. Thus, a low cost swarm robot platform with inexpensive sensor for specific single and multi task scenario is highly favourable.
The development of control algorithms for swarm robots is a challenging task as the global behavior that emerges from the many interactions between the robots is often hard to predict and experiments with swarm robots are often expensive and time consuming.In the present paper, a new algorithm Interval Fuzzy-Kohonen Network (IFKN) is introducedin swarm robots research and demonstration of technique for smaller multi-robot systems.This paper is organized as follows: Section 2 presents cooperative behavior of swarm robots. Section 3 describes the design process of the proposecontrol strategy based on Interval Fuzzy-Kohonen Network (IFKN) algorithm. Section 4 discusses the experimental design and results. Section 5 gives the conclusion and future work.
Proposed Method
Behavior-based design is the most common way to develop a swarm robotic system. In an iterative way, the individual behavior of each robot is implemented, studied and improved until the desired collective behavior is obtained. In behavior-based swarm robots design, inspiration is often taken from the observation of the behaviors of social animals. The individual behaviors of the robots which results in the collective behavior of the swarm. They must integrate several goals oriented behaviors concurrently in order to reach a goal. In this situation, multi-robotwould communicate with each other and cooperate to execute a specific global behavior.
With the increasing requests on the application of multi-robot system for complex tasks, the obstacle avoidance behaviorof multi-robot system becomes more and more crucial [18] . Many algorithms have been proposed for obstacle avoidance of a single robot. In addition, it is found that realizing obstacle avoidance of each robot in multi-robot system is not enough. Further, it requests multiple robots to have the ability to avoid obstacle while keeping formation. If a multi-robot system in the unknown environment, it becomes more difficult to realize obstacle avoidance while keeping formation [19] . This system can improve the effectiveness of a robot action in terms of the performance and the reliability.However, the difficulty arises in coordination and cooperation of multi-robot to perform a single, global task. There are important aspects such as how to design the local behavior action of each single? and how to control the cooperative behavior of a swarm?.
The chance of robots colliding against each other is yet another challenge in swarm robots formations. Some researchers use the term collision avoidance synonymous with obstacle avoidance [20] , [21] . Collisions are avoided by maintaining strict buffer distances and consistent communication between robots [22] .Cooperative avoidance behavior tends to be based on speed adaptation, route deviation by one robot only and route deviation by both robots, also a combined speed and route adjustment. Each robot could communicate with surroundingrobots in dynamic environmental perception and it should be able to determine at least one of the information concerning the relative position, orientation, and speed of other robots. However, the ability of the robot to communicate depends on the computational resources and also the type and amount of sensors that are employed on the robots [23] .
Multiple robots require frequent updating of sensor-based information between each individual unit and they must manage a large array of sensory information to determine its environment. Each sensor provides some input about the environment around the robots. That input being incorporated into a knowledge base. From this knowledge base, appropriatestrategy 797 about control actions taken in response to the input is generated. These actions allow the robots, to interact with its surroundings for achieving the goal. However, creating and maintaining these control actions, as well as gathering new data for the knowledge base poses significant challenges. This is due to memory and processing power are issues in this research area. Fuzzy logic has been a widely used method for swarm robots [6] , [12] , [25] . Other methods explored in literature include navigation based on intelligent data carrier systems [14] , neural network [25] , [26] , particle swarm optimization [27] , [28] , support vector machine [17] , Foraging algorithm [29] have been explored for this purpose.However, in the hardware implementation, some instrumentation elements usually introducing some sort of unpredictable values in the collected information of environmental measurement, called uncertainty, such as amplifier, sensors, digital to analog (DAC), analog to digital converters (ADC), and actuator. These uncertainties cause difficulty in determining the control action in real time situation. While control actions are determined and tuned in certain environmental conditions, it might have to be changed in other environments [30] , [31] .
Fuzzy logic systems (FLSs) employ a mode of approximate reasoning that makes them a suitable tool to implement a robust robot behavior tolerating noisy and unreliable sensor information. However, the FLSs have the common problem that they cannot fully handle or accommodate for the linguistic and numerical uncertainties associated with changing and dynamic environment because they use precise fuzzy sets. Hence, it needs a method to overcome the uncertainty problem to realize a safe and efficient of swarm robots movement. It means the swarm robots do not collide with both of obstacles and robots, and they can reach a destination in a small amount of time.
In the real world, numerous natural agents like animals to recognize their environments just with low sensitive sensors without a geometric map [32] . They must learn to recognize the new environment by itself. Hence, developing adaptive technique in real environment for swarm behavior is desireable. This paper describes a practical implementation that highly intelligent and capable swarm robots for cooperative avoidance through environmental recognition based on a new algorithmofinterval fuzzy-kohonen network (IFKN). The algorithm is implemented that integrates groups of smaller low-cost robots, which are equipped with limited-range communication ability and inexpensive distance sensors.
Research Method
In this paper, the Fuzzy-Kohonen Network (FKN) algorithm [30] , [31] is extended to an Interval Fuzzy-Kohonen Network (IFKN) algorithm. To overcome the uncertainty in some elements instrumentation in the hardware implementation, interval fuzzy sets are used. Interval means that the input domains are characterized by interval fuzzy sets. In the IFKN algorithm design only few rules are createdcompare FKN algorithm for generating speed and steering angle of swarm mobile robots.Kohonen network has the advantage of the patterns recognition mechanismwhile the interval fuzzy logic plays a role in managing the input and output process of pattern recognition.The IFKN control algorithm is implemented on each robot to decide its actionand computational metaphor inspired by social insects.
Pattern Classification
In order to enable the mobile robot to avoid the obstacles with reactive action, the better mapping relation between the sensor data as input and the speed control as output must be established. Environmental classification is modelled to summarize all environmental patterns as described in Figure 1 . Each sample of such pattern consists of range readings obtained by five sensors. For reducing complexity of storage, representation and learning a long sequence of each sample is mapped to one class by IFKN algorithm. All possibilities of mobile robot environments are considered through fuzzifying process and combining these 15 classes of interval fuzzy rule base. The rule table is constructed exploiting the sequence of environmental pattern and speed levels. In this strategy 15 rules are employed to keep few compare to FKN algorithm and IFKN algorithm. 
Interval Fuzzy-KohonenNetwork (IFKN) Design
The IFKN algorithm is proposed to incorporate learning rules to determine the distance and similarity between the input and initial patterns. Infrared sensors are in general used to obtain information regarding the local environment. The input patterns are constructed from current sensor readings and the algorithm design is described in the following steps:
Step
Fuzzification design
It is obvious that the interval fuzzy sets are in a region constructed byaprincipal fuzzy setmembership functions (FSMFs). An interval fuzzy system is obtained by using the fuzzy sets to partition the input domains of the baseline FSMFs with an interval of uncertainty as shown in Figure 2 . The inputs ( ) which are distances of the obstacles to the sensors. Fuzzification stage of interval fuzzy systemproduces four degrees of input membership, such as upper near, lower near, upper far, and lower far as shown in Figure 2 . The membership functions that determine the degree of farness or nearness to the obstacle are defined as follows, In this work triangular membership functions (MFs) are used. The upper and lower MFs for interval fuzzy sets can be written in equations (1), (2), (3) and (4) respectively, and ( with every initial pattern and find the winner takes all neuron. The two equationscan be written in equation (5) and (6) respectively,
Where, is upper euclidean distance, is lower euclidean distance, n is the number of sensor, w is prototype pattern and j is pattern index. There are many initial patterns, which represent a characteristic pattern in every layer. The originality of the learning process in kohonen network is unsupervised, however that is taking a long time in the training proces, to find the weights that meet the good performance. To reduce the space complexity and to facilitate fast learning of sample sequences by the IFKN algorithm, all these patterns are set as a weight in the distance layer.
To obtain information regarding the environment it is essential to keep track of changes in the pattern of a sequence. Often the changes in the sequence are more important than simply the sequence itself. For simple calculation, the rule base table is utilized. The plan of the rule's table is created based on environmental classifications,where, is sensor 1, is sensor 2, is sensor 3, is sensor 4, and issensor5. The number of rules equals with environmental patterns.In this work, initial pattern are derived from previous experimental data base. The patternsare associated with a pair of motor speed reference M1 and M2 as shown in Table 1 .
Step 3. Rule tables
Once the similarity value is obtained by using the Euclidean distance, then the degrees of membership can calculated. There are two similarity values of upper and lower membership are referred to the equation (7) and (8) 
The membership degree represents thesimilarity between current patterns and prototype patterns , and ∈(0,1).Where, is upper degree of membership, is lower degree of membership, is minimum Euclidean distance and is the maximumEuclidean distance. The sum of the membership degreeoutputs equal to 1. After the rule base and similarity values are known,then the speed of the motors can be determined by finding the rule base that has the highest level of similarity. The results are calculated with the reference speed. Step 4. Determine the outputs Calculate the crisp output value from average membership degree. The average values of the upper and the lower degree of membership as a single degree of membership for each pattern is calculated by using equation (9) below,
After the rule base and maximum similarity patterns ( ) are known, the mobile robot outputs are determined by finding a rule that has the highest level of similarity from upper and lower index ( ). The final value is calculated by multiplying the similarity level of the maximum degree of membership with percentage of maximum left and right motor speed values, given in equation (10) and (11) as follow,
Where, is percentage of speed for left motor output, is percentage of speed for right motor output, is patterns index which has a maximumdegree of membership, left motor output speed percentage and is output right motor speed percentage for each pattern. 
Hardware Design
The experimental works are conducted to evaluate the swarm's controller performance. To validate the characteristic of swarm behavioural, the experiments are implemented on five smaller robots. The development of thehardware architecture is the initial work that marks the translation of the designed software into the hardware platform. In this phase all algorithms of embedded controlsystems as the destination platform, are implemented using a standard microcontroller platform. The swarm robots platform employs AVR ATMEGA 16 microcontroller series as the main processor for managing all modules. They use clock at 8.0 MHz using the internal RC oscillator to providethe necessary computational power for real-time sensory system. This series has 16 kilobytes of programmable flash memory and one kilobyte of internal SRAM that provides more than enough space to implement basic reactive behavior and different complexity of swarm algorithms.
The swarm robots have three infrared sensors for obstacle detection and a digital compass for heading measurement. Communication is the most important aspect of swarm robots therefore multiple individuals can share information to function as a whole. An IEEE 802.15.4/Zig Bee compliant X-Bee wireless module with a range of approximately 20 m indoors are used for communication between robots and between the robots and a computer console. Where the microcontroller will serve the input with its interrupt routine, 20 MHz AVR AT Mega 16 microcontroller,which provides a control step duration of 110 ms is employed. The microcontroller can be programmed through a wireless communication link. The low-power design of its systems lets swarm robots operate for 10 hours with a 2000 mAh Li-Poly battery. Figure 3 shows the detail implementation of hardware design by using Proteus Simulator.
Figure3. Hardware design

Results and Analysis
Real-time navigation involves decision making according to the perception of the local environment. The fuzzy inferencing method has been shown to be successful in real-time navigation with cluttered environments [30] . However, when the environment is filled with obstacles in the form of loops, mazes, and other complicated structures the robots tends to lose track of direction and gets trapped. In this section various fundamental benchmark problems in In the implementation of the proposed IFKN algorithm on real swarm robots, some practical issues are expected to resolve. In this section, some major issues in the light of some preliminary studies are pointed out, with an experimental setup composed of a number of mobile robots. Before implementing the proposed IFKN algorithm, it is necessary to perform some tests in order to determine the structure of theIFKN including number of input patterns and the environmental condition.
Obstacle Avoidance Behavior in Single Robot
In order to verify the effectiveness of the proposed algorithm, mobile robot is set up in several environments. In this work, IFKN algorithm is compared to FKN algorithm in single robot action as demonstrated in Figure 4 , 5 and 6 respectively for obstacle avoidance behavior. From the results, both of the algorithms hat uses in single mobile robot successfully to perform obstacle avoidance task. However, mobile robot based on IFKN algorithm produces stable movement, because of in IFKN algorithm environmental patterns changing in interval values. Therefore the motor output produces constant speed.
In the long corridor environment, single mobile robot based on IFKN algorithm more stable compare to FKN algorithm, due to the mobile robot movement always keep on in the centre of the corridor environment as shown in Figure 4 It's seen in Figure 5 (a)-(b) mobile robot movement with FKN algorithm moving closer to the wall when it makesturn left action, whereas by using IFKN algorithm produces smooth movement. This is because in IFKN algorithm design, the sensors provide more data within the range of interval for solving imprecision in the sensorsystem when it detect the environment. While in the FKN algorithm design, sensor data are expressed only in certain values. The mobile robot performance test is conducted by placing a mobile robot in several environments such as simple environment, complex environment and the U-Shafe situation respectively to analysis the comparison of the proposed algorithm. Figure 6 (a) shows a trajectory performed by one robot using propose technique in complex environment containing four obstacles.
It can be seen that single mobile robotmovement utilizes IFKN algorithm more carefully compare to FKN algorithm, it keeps a distance from the unstructured wall. Experimental results in cluttered environment with more obstacles as depicted in Figure 6(b) .In this environment, we dealt with more noise like unstructured wall. The experimental results highlight the fact that by using the IFKN algorithm can enhance environmental sensing capacity. The same fact is observed from the outputs of various experiments performed in different environmental conditions.
In complex environments, IFKN algorithm can solve a problem commonly encountered during implementations, such as errors in range readings due to multiple reflections at the corners. In complex and unstructured environments. IFKN algorithm are able to produce stable movement by generating only 6 patterns, compared to FKN algorithm produce 14 patterns. Having goal on the side of the wall long-corridor environment may cause a mobile robot to be trapped in a wrong boundary-following direction. The U-shape situation is difficult to be solved because the sensing capability of infra-red sensors and noises in the sensors make it difficult to determine the size or location of obstacles when this information is required for the escape criterion. In some condition, avoid-obstacle behavior may not function properly and the mobile robotmove too close to an obstacle, which is a U-shape situation. In such case, mobile robot is required to stop the movement or even, in some instances, the mobile robot need to make aturn back move. This condition depends on the safest allowable distance between the mobile robot and the obstacle. This behavior has the highest priority. By using an IFKN algorithm mobile robot is able to make turn left action, but a mobile robot with FKN algorithm getting trapped in a local minimum as shown in Figure 6 (c). This strategy produces good action toguide the mobile robot out of the traps. From the experiment, the proposed IFKN algorithm successfully to recognize the environmental patterns, and produce pattern recognition percentage is 86.66%, while FKN algorithm produce 85.71%. The results show that cooperative learning behavior by using IFKN algorithm can achieve fast behavioral adaptations compare to FKN algorithm, even if the single robot have no intrinsic behavioral intelligence to begin with. From the single mobile robot experiments, thegeneral comparison ofFKN algorithmandIFKN algorithm can beseen in Table 2 . Based on Table 2 , it can be concluded that single robot uses FKN algorithm has the advantage in terms of processing speed. While the single robots using IFKN algorithm has the advantage in terms of pattern recognition accuracy and small resources.
Cooperative Avoidance Behaviorfor Swarm Robots
The experimental set-up utilizes 5 sensors from the right side to the left side of the mobile robot to determine their distance to the obstacle. Swarm robots mustrecognize their environment in order to perform it's tasks in the dynamic world [31] . Therefore the environmental recognition problem must be addressed in order to have robust performance of the swarm controller. The problem of identifying the environmental pattern is often hard, due to the sensor readings which are usually uninformative and produce large amounts of noise [30] . In this work IFKN algorithm is utilized in order to recognize the environmental pattern and identify the near by swarm robots. Figure 7 The main difficulty when trying to achieve a goal, collision avoidance and flocking is that prioritizing the sometimes contradictory requirements, therefore this issue is explored. However, collisions between two or more robots must be prohibited. This can be treated as a dynamic situation of the obstacle avoidance problem. The highest priority is given to collision avoidance, because if the collision safety than the robots will reach the goal. Finally, the swarm robots should stay together in a flock while moving.
For flocking behavior structure composed is proposed corresponding which consist of three components: cohesion-separation, velocity matching, and obstacle avoidance behaviors. As demonstrated in Figure 8(a) and (b) , two mobile robots approach each other. Once the relative distance is within the threshold, both robots will make decisions to avoid collisions based on the obstacle avoidance use IFKN algorithm addressed above. The real environment situations are tested individually to see how quickly the robots would learn the appropriate behavior. Measurements are taken of robot's performance every 30 ms and produce smooth paths during flocking. The results produce safe paths in the tracking the reference path and avoiding obstacles in the unknownnvironment. As demonstrated by the graph in Figure 8 (a) , the robots became successful in surviving the obstacle they encountered. Figure8 (b) shows how, over time, by using the IFKN algorithm mobile robot is able to "learn" to make the best actions to overcome any given obstacle.In this work, swarm robots communicate using an X-bee interface. The navigation coordination of the swarm robots is addressed through a complex environment without hitting the obstacles and being trapped in dead-end passageways. This work is motivated by the observation that swarm robots exhibit emergent group behavioras shown in Figure 10 
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The swarm robots' paths are traced by a dotted line with each dot representing one iteration's position. The nearest corner of the obstacle is decided based on the calculated Euclidean distance of the pattern's current position relative to each obstacle corner whereby the corner with the smallest value or distance is chosen. For instance, when two robots face the obstacles, they split into a plurality of smaller groups to avoid collision and then merge into a single group after passing around the obstacle. It is also worth noting that when this group of robots facing a dead end they can even get out of the area. Every moment the swarm robots communicate with their neighbors and all individuals adjust their movement strategy by communicating to exchange position and speed with their neighbors.
Conclusion and Future Works
In this paper the proposed IFKN algorithm has been exploited in order to control the cooperative avoidance behaviour of swarm robots formations in presence of obstacles in the environment. Each robotrecognize the environment through sensing device and decide the cooperative behavior oneself through communication.The proposed algorithm have the advantages in system robustness, scalability, and individualsimplicity.This strategy can be easily modified in order to allow the robots to successfully consider the risks of the environment and avoid possible obstacles.While still continuing on an efficient trajectory leading towards total swarm convergence to the target. Provided that all the robots are able to keep their desired relative positions to their respective leaders, avoidance of collision is guaranteed. The results show that swarm robots based on proposedIFKN algorithm have the ability to perform cooperativebehavior, produces minimum collision and capable to navigate around obstacles. Proposed IFKN algorithm has 86.66% of pattern recogition level compare to FKN only 85.71%.This algorithm produce only 3376 bytes resource of code, due to small pattern are used. In the future, the performance of this swarm robots in both the absence and presence of obstacles are analyzed. Experimental results demonstrate the effectiveness and reliability of the proposed control strategy. There exist various potential future research directions. A major one is real-time experimentation of the proposed control strategy, whose results may lead to some modifications and enhancements in the proposed scheme. 
